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Abstract—With the rapid evolution of the Internet, Internet of
Things (IoT), and geographic information systems (GIS), spatio-
temporal Big Data (STBD) is experiencing exponential growth,
marking the onset of the STBD era. Recent studies have concen-
trated on developing algorithms and techniques for the collection,
management, storage, processing, analysis, and visualization of
STBD. Researchers have made significant advancements by en-
hancing STBD handling techniques, creating novel systems, and
integrating spatio-temporal support into existing systems. How-
ever, these studies often neglect resource management and system
optimization, crucial factors for enhancing the efficiency of STBD
processing and applications. Additionally, the transition of STBD
to the innovative Cloud-Edge-End unified computing system needs
to be noticed. In this survey, we comprehensively explore the entire
ecosystem of STBD analytics systems. We delineate the STBD ana-
lytics ecosystem and categorize the technologies used to process GIS
data into five modules: STBD, computation resources, processing
platform, resource management, and applications. Specifically, we
subdivide STBD and its applications into geoscience-oriented and
human-social activity-oriented. Within the processing platform
module, we further categorize it into the data management layer
(DBMS-GIS), data processing layer (BigData-GIS), data analysis
layer (AI-GIS), and cloud native layer (Cloud-GIS). The resource
management module and each layer in the processing platform are
classified into three categories: task-oriented, resource-oriented,
and cloud-based. Finally, we propose research agendas for potential
future developments.

Index Terms—Artificial intelligence framework, Big Data
system, cloud platform, database management system, geographic
information system, resource management, spatio-temporal Big
Data.
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I. INTRODUCTION

W ITH the rapid expansion of the Internet, IoT, GIS, and
data collection technologies becoming more diverse

and data types continually enhancing, making STBD grows
”explosively.” Integrating spatio-temporal information and Big
Data marks the official entry into the era of STBD [1]. STBD
compensates for the lack of data by providing a rich volume and
variety of data types that can fully satisfy numerous research
needs, promoting ongoing, in-depth, cross-sectional research.
The dynamic evolution of spatio-temporal objects, events, and
other elements and their dynamic correlations pose significant
challenges to data management, processing, and analysis [2].
Meanwhile, computer technology is rapidly evolving. Com-
puting power has skyrocketed, and hardware architecture has
evolved. Big data processing frameworks and high-performance
computing models have been established. Due to the evolution
of new hardware, software, and application requirements, ex-
panding GIS to improve adaptability and performance efficiency
presents new opportunities and challenges.

In the STBD ecosystem, GIS data merges spatial and tempo-
ral dimensions, capturing changes in geographical information.
GIS consolidates varied data into a unified spatial framework,
enabling in-depth spatial-temporal analysis [3]. Its unique at-
tributes allow for integrating different data types and unveil-
ing hidden patterns within geographical spaces, enhancing our
understanding of spatial trends and contexts. The seamless
integration of databases, Big Data, AI, and cloud computing
signifies an emerging trend in unified systems [4]. Database sys-
tems are foundational for managing vast amounts of structured
and unstructured data. Big data and AI shine in sophisticated
data analytics, whereas cloud platforms amplify processing effi-
ciency through resource provisioning. STBD, with its expansive,
varied, and time-sensitive attributes, is deeply linked with these
technologies. Databases paired with Big Data analytics manage
and decipher extensive datasets, revealing pivotal insights. AI,
fueled by data-driven learning, infuses intelligence into process-
ing and decision-making. Cloud infrastructure offers unmatched
scalability, adapting to diverse processing needs [5]. Their col-
lective synergy in a cohesive ecosystem amplifies combined
strengths, bolstering data processing capabilities.
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Fig. 1. Applications of smart city STBD platform.

Spatio-temporal applications typically span multiple do-
mains, including GIS, AI, and Big Data. Given the large-scale
nature of spatio-temporal data, there is an urgent need for robust
data processing capabilities to ensure efficient analysis and
management. spatio-temporal applications involve intricate data
processing involving geographic location and time, endowing
them with unique features such as time series and geographi-
cal coordinates [6]. In spatio-temporal applications, achieving
real-time and accurate data processing is crucial, especially in
traffic monitoring and weather forecasting applications. This un-
derscores the demand for timely data updates and precise spatial
information. So, it’s critical to integrate these areas to meet inter-
disciplinary needs. In healthcare [7], this convergence empowers
predictive analytics for patient outcomes, while in finance [8], it
facilitates fraud detection and risk assessment. We have provided
application examples for the smart city STBD platform [9], un-
derscoring the interconnectedness of computational resources,
spatio-temporal data, processing platforms, and applications in
Fig. 1. Collectively, this convergence represents a multifaceted
synergy that transcends technology silos, unleashing transfor-
mative potential and opportunities across diverse sectors.

Resource management is indispensable for STBD processing
efficiency across various platforms. In DBMS, meticulous re-
source allocation ensures efficient storage and retrieval of STBD,
providing robust support for complex queries and analyses.
Intelligent resource allocation in Big Data processing systems
significantly enhances the processing speed of massive datasets,
accelerating information extraction and pattern recognition. In
AI training architectures, precise resource management directly
impacts the performance of machine learning (ML) models
by optimizing computational resources to improve training
efficiency. Dynamic resource allocation and management on
cloud platforms are crucial for ensuring system flexibility and
adaptability, especially in addressing evolving demands for data
processing and AI training.

To better understand resource management’s role in the multi-
platform environment of STBD processing, we sort out the
existing STBD analytics ecosystem and divide it into the five

modules in Fig. 2. (1) STBD included definition, characteristics,
and analysis. (2) Computation resources comprised computa-
tional, storage, and communication resources used in distributed
computing architecture to perform various tasks. (3) Processing
Platform contained data management, processing, analytics,
and cloud native layers. (4) Resource Management covered
DBMS-GIS, BigData-GIS, AI-GIS, and Cloud-GIS resource
scheduling and management policies. (5) Applications of STBD
oriented to geoscience and human-social activities. Despite their
differences in nature and objectives, these layers intersect and
provide comprehensive solutions for addressing complex data
challenges in data processing.

We have identified critical gaps that demand urgent attention.
Current investigations and performance analyses are predomi-
nantly confined to systems developed before 2017, necessitating
more recent research to provide additional insights. Current
research predominantly focuses on developing algorithms and
technologies for capturing, storing, managing, analyzing, and vi-
sualizing STBD [10], [11]. However, these efforts often need to
pay more attention to the critical aspects of system optimization
and resource management, limiting the potential for enhancing
the efficiency of STBD processing and applications. Addition-
ally, there needs to be more research on broader aspects of the
spatio-temporal analysis ecosystem, including spatio-temporal
database management, parallel processing, AI analytics, and
cloud-based spatial feature integration. Research on the migra-
tion of STBD to new Cloud-Edge-End integrated computing
systems is still in its infancy and represents a critical area that
requires in-depth exploration [12]. These key domains demand
attention in current research to fill significant gaps in understand-
ing STBD and its practical applications. We comprehensively
review recent research on STBD systems. To furnish users with
a guide to address problems and employ solution techniques
related to STBD. We systematically organize the state-of-the-art
STBD analytics systems and delve into their resource man-
agement, providing users with a detailed understanding of the
current landscape. Furthermore, we illuminate trends, emerging
requirements, and challenges in each support layer within the
STBD ecosystem. This offers researchers valuable insights into
potential directions for future research in STBD processing and
applications. Also, we’d like to explore the existing challenges
and forthcoming opportunities in STBD analytics, which is our
vision for the future development of STBD analytics.

The paper is structured as follows: Section II introduces
the STBD’s definition, characteristics, and analysis. Section
III focuses on the core and spatio-temporal platforms within
the data management and processing layers, with insights into
spatio-temporal cloud platforms. Section IV discusses resource
management strategies across these layers. Section V reviews
open-source databases and STBD-related applications. Section
VI highlights DBMS-GIS, BigData-GIS, AI-GIS, and cloud-
GIS research trends. Section VII concludes.

II. SPATIO-TEMPORAL BIG DATA

A. Definition

STBD is an extensive, large-scale dataset founded on a unified
spatio-temporal datum (comprising temporal reference system

Authorized licensed use limited to: Wuhan University. Downloaded on June 21,2024 at 05:26:01 UTC from IEEE Xplore.  Restrictions apply. 



176 IEEE TRANSACTIONS ON BIG DATA, VOL. 10, NO. 2, MARCH/APRIL 2024

Fig. 2. Spatio-temporal Big Data analytics ecosystem.

and spatial reference system), capturing activities (such as
movement changes) in both time and space, directly associated
with a location through positioning or indirectly through spatial
distribution [13]. Traditionally, STBD has found applications in
describing meteorological data derived from sophisticated sys-
tems like remote sensing (RS), GIS, global positioning systems
(GPS), geological information systems, intelligent city systems,
traffic information systems, and environmental information sys-
tems. RS generally denotes non-contact, long-distance compre-
hensive detection technologies; GIS is a computer system for
collecting, storing, managing, processing, retrieving, analyzing,
and expressing geospatial data; and GPS is a high-precision
radio navigation system that relies on artificial earth satellites
and time information. With the incorporation of the temporal
dimension, GIS has transformed into temporal GIS, representing
an evolving capacity to integrate temporal data seamlessly with
location and attribute data.

B. Characteristics

STBD integrates Big Data and spatial data characteristics,
incorporating time-dimension information to address various
time-related geographic data challenges effectively. Big data

processing involves leveraging all available data without com-
promising the time required for random analysis.

Big data has five key features: volume, velocity, variety,
value, and veracity [14]. Spatial data can be represented in two
formats: raster and vector. Raster data, exemplified by satellite
imagery, is typically displayed as multi-dimensional arrays. In
contrast, vector data, consisting of points, lines, and polygons,
depicts geographic features like roads, regional boundaries, and
GPS coordinates. Notably, STBD is distinguished by specificity,
fuzziness, dynamism, finiteness, social network, heterogeneity,
low quality, non-smoothness, and networking [15].

STBD’s data content encompasses time, spatial, and non-
spatial-temporal attributes [16]. Time attributes describe tem-
poral information, such as time stamps for spatial objects, raster
layers, or a series of snapshots. Spatial attributes encompass
spatial information, including location (e.g., longitude and lat-
itude), extent (e.g., area and perimeter), and shape composi-
tion. Non-spatio-temporal attributes, ranging from structured
data like climate or demographic data to unstructured data like
remote sensing images, add diversity to the dataset. The tem-
poral snapshots model timestamps spatial layers with a shared
theme, portraying lines, polygons, raster time series trajectories,
and dynamic spatio-temporal networks like time-expanded or
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TABLE I
SPATIO-TEMPORAL BIG DATA CHARACTERISTIC DIVISION

time-aggregated graphs. Spatio-temporal networks depict dy-
namic structures across time and space, illustrating connections
such as traffic routes and communication networks. Traffic
flow involves the movement of entities at specific instances
and places, necessitating the analysis and modeling of spatio-
temporal data. The temporal change model captures spatio-
temporal data, starting with an initial spatial layer at a specific
time, followed by incremental modifications, covering motion
(e.g., Brownian motion or random walks), velocity, and ac-
celeration at spatial points. Splitting or merging signifies the
dividing or amalgamation of lines and polygons at a specific
spatio-temporal nexus. Conversely, the traffic model focuses
on temporal shifts in traffic attributes, including flow, speed,
and direction from a specified spatial origin. Event and process
models articulate temporal details through events or processes
in Table I. Given the diversity of these data types, effective
analysis and processing necessitate using different methods.

C. Analysis

Spatial Analysis: The continuous advancements in GIS and
network technology have markedly augmented the capabilities
of GIS spatial analysis. Spatial analysis, a basic function of GIS,
enables the examination of spatial layout, aggregation level, and
coupling association [17]. Researchers have expanded spatial
analysis functions to encompass dynamic content, including
geometric analysis, terrain analysis, network analysis, raster
data analysis, and spatial statistical analysis. This expansion
enhances the feasibility of diverse spatial planning and design
decisions by bolstering data support and design science in sys-
tem designs [18].

Spatio-Temporal Analysis: Traditionally, spatial statistics
faced limitations due to the constrained accessibility of
STBD [19]. However, recent advancements in social and envi-
ronmental perception have significantly enhanced STBD acces-
sibility, fueling the demand for applications and research requir-
ing real-time and dynamic analysis of extensive spatial data [20].
This shift has prompted the development of spatio-temporal
analysis methods, extending the reach of conventional spatial
statistical methods into the spatio-temporal domain [21]. To fully
exploit STBD, researchers must delve into the spatio-temporal
analysis of environmental and human factors and their intricate
interconnections. The advancement of STBD necessitates urgent
theoretical, technical, and methodological support for spatio-
temporal cluster/anomaly/correlation/prediction analysis.

III. PROCESSING PLATFORM

In this section, from the data management layer, where the
marriage of database management systems (DBMS) and GIS
unfolds, to the dynamic realms of data processing with the

TABLE II
BASIC DATABASE MANAGEMENT SYSTEM

infusion of the data processing layer, the data analysis layer
introduces the transformative influence of AI, reshaping how we
glean insights from spatial data. Finally, ascending to the cloud
native layer, the fusion of technology and geography manifests in
Cloud-GIS, offering scalability and adaptability that transcend
traditional boundaries.

A. Data Management Layer

The data management layer encompasses the classification
of spatio-temporal databases, recognizing the limitations of
traditional databases in efficiently handling massive, diverse,
unstructured administrative data and heterogeneous memory
resources. The demand for a usable, scalable, update-supporting
spatio-temporal DBMS is evident for the successful support of
contemporary urban applications.

1) Basic DBMS: Spatial DBMSs [22] fall into two pri-
mary categories: relational and NoSQL DBMSs. Relational
DBMSs comprise interconnected two-dimensional row tables
and utilize SQL for data manipulation. Well-known relational
DBMSs with spatial capabilities include Oracle Spatial, IBM
Db2, Microsoft SQL Server, Microsoft Access, MySQL Spatial,
and PostGIS in Table II. While traditional relational DBMSs
are reliable, mature, and efficient and find widespread use in
various applications, they may face challenges when dealing
with large-scale data, diverse data types, and the demands
of emerging ultra-large-scale and high-concurrency web 2.0
platforms. Conversely, NoSQL DBMSs offer high scalability,
performance, flexible data models, and robust availability. They
encompass three main data store types: column-based databases
(e.g., HBase), document stores (e.g., MongoDB), and graph
databases (e.g., Neo4j), aptly addressing the complexities of
modern applications.

The widespread adoption of in-memory databases, including
Redis, NuoDB, and MySQL Cluster, has triggered a resurgence
in in-memory computing technologies. However, to achieve
significant performance improvements in near-memory com-
puting, the system design must be customized to the specific
requirements of the upper-layer application. Pregel [23] pro-
posed various near-memory computing architectures tailored
for MapReduce workloads. Q-PIM [24] introduced a flexible
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TABLE III
NOSQL-BASED SPATIO-TEMPORAL DATABASE MANAGEMENT SYSTEM

SRAM-based precision all-digital in-memory (PIM) architec-
ture. It utilizes a genetic algorithm-based training-free layer
quantization approach to optimally control the precision of each
DNN layer for enhanced efficiency. Near-memory computing
still needs more efficient and transparent system-level support
despite these advancements. Addressing this gap, Vermij et
al. [25] put forth a dynamic workload balancing technique. This
approach empowers applications to execute heterogeneously on
near-memory CPUs, optimizing CPU utilization and enhanc-
ing overall performance, especially when dealing with massive
datasets.

2) Spatio-Temporal DBMS-GIS: While traditional relational
databases such as Oracle Spatial, MySQL Spatial, and Post-
GIS offer support for managing STBD, they often encounter
challenges with scalability as data volumes grow [26]. On the
other hand, distributed NoSQL data stores exhibit impressive
capabilities for handling millions of updates per second. How-
ever, these NoSQL solutions inherently need more support for
STBD management, primarily due to the absence of essential
secondary indexes [27]. Several robust STBD analytics sys-
tems have emerged recently, capitalizing on NoSQL DBMSs
like MD-HBase, GeoMesa, Distributed SECONDO, BBoxDB,
THBase, JUST, and TrajMesa. Table III presents a detailed
characteristic matrix of these systems. For instance, JUST [28]
leverages HBase as its foundational storage, GeoMesa as its
STBD indexing tool, and Spark as its execution engine. In con-
trast, TrajMesa [29] stands out as the first endeavor to establish
a comprehensive distributed NoSQL trajectory storage engine
based on GeoMesa.

B. Data Processing Layer

The data processing layer is a critical component that houses
diverse spatio-temporal platforms tailored for Big Data comput-
ing. Using Big Data systems to construct clusters can expedite
the processing of terabyte (TB) or exabyte (EB)-level data [35].
Nevertheless, most Big Data systems only support traditional
relational data or some STBDs. With the rapid development of
location-based services and RS, many companies and projects
are looking to integrate Big Data systems and STBDs.

1) Basic Big Data System: This section compares the three
most popular Big Data systems, Apache Hadoop, Spark, and
Flink in Table IV.

Apache Hadoop [36] is an open-source software framework
developed by Yahoo! for distributed storage and processing large
datasets with cluster-level fault tolerance. It can be set up across
a cluster of computers constructed from commodity hardware.
Currently, Hadoop consists of five core modules: (1) Hadoop
Common is a set of shared programming libraries the other

TABLE IV
CHARACTERISTIC COMPARISON OF APACHE HADOOP, SPARK, AND FLINK

modules utilize. (2) Hadoop Distributed File System (HDFS)
is a Java-based file system for storing data across multiple
machines. (3) Hadoop YARN manages and schedules resource
requests in a distributed environment. (4) Hadoop MapReduce
is a programming model for processing large datasets in parallel.
(5) Hadoop Ozone, which is an object store for Hadoop. Landset
et al. [37] surveyed Hadoop’s static and dynamic resource
management modes, job scheduling methods, and performance
comparison. However, due to its disk-based data processing,
low-level processing API, and Java-only support, Hadoop is
unsuitable for massive-scale and complex Big Data processing.

Apache Spark [38] supports in-memory computing and
acyclic data flow through its DAG execution engine. It has been
reported to be 100 times faster than Hadoop’s MapReduce. Cur-
rently, research on Spark resource allocation mainly focuses on
increasing its scheduling depth (e.g., heuristic attribute reduction
and eviction mechanisms) and breadth (e.g., cross-platform),
heterogeneous resources). Leveraging SQL, ML, graph com-
puting, and multiple languages, Spark proves ideal for applica-
tions requiring high throughput, handling limited real-time and
micro-batch data processing with substantial data volumes and
intricate logic. In contrast to Hadoop MapReduce, Spark intro-
duces a novel programming paradigm focused on the resilient
distributed dataset (RDD). This dataset can be efficiently stored
in memory and distributed across machines for streamlined data
processing.

Apache Flink [39] is a unified stream and batch processing
framework utilizing a dataflow programming model to provide
event-at-a-time processing on finite and infinite datasets. This
primary processing mode gives Flink lower stream processing
latency than Spark Streaming, making it suitable for tasks
requiring low latency, such as real-time monitoring, reports,
stream data analysis, and data warehousing. Flink also supports
simple static resource management, dynamic management of
computing resources, and memory resource isolation, though it
does not support CPU resource isolation. It can integrate with
Yarn, Mesos, K8s, and other frameworks better [40].

2) Spatio-Temporal BigData-GIS: In Big Data processing,
prevalent models include distributed computing frameworks
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TABLE V
CHARACTERISTIC COMPARISON OF HADOOP/SPARK/FLINK-BASED BIGDATA-GIS SYSTEMS

built upon DAGs or massively parallel processing iterative com-
puting models. The dynamic task generation at runtime chal-
lenges pre-scheduling approaches [41]. Given the distributed
nature of these systems, there is a pronounced need for a
flexible and adaptable scheduling system to effectively manage
the intricate computational landscape. The goal of integrating
STBD and Big Data systems is to enable traditional Big Data
systems to support the storage of basic STBD types such as
points, lines, planes, and time series, and the operations and
analysis of STBD such as joins, range, and kNN. We classified
into three groups: (1) Hadoop-based, (2) Spark-based, and (3)
Flink-based in Table V.

Hadoop-Based Big Data Systems are the foundation of STBD
framework research. SpatialHadoop [42] is a Hadoop MapRe-
duce framework specifically designed to facilitate spatial data
storage, processing, and querying. This framework consists of
four layers: a two-level spatial index for data storage, MapRe-
duce for data processing, basic spatial operations (e.g., range
query, kNN, spatial join), and Pigeon-based spatial queries.
These components make SpatialHadoop both convenient and
extensible. Moreover, ST-Hadoop [43] provides built-in STBD
types and operations, enhancing data indexing at the storage
layer and introducing new spatio-temporal processing methods,
making it more applicable than traditional spatial Big Data
systems.

Spark-Based Big Data Systems are gaining popularity due to
their faster in-memory data processing capabilities compared to
Hadoop-based solutions. GeoSpark [44] is a cluster computing
framework that enables large-scale spatial data processing. It
comprises a Spark Layer, a spatial RDD (SRDD) Layer, and
a Spatial Query Processing Layer. These layers allow for stor-
ing geometrical and spatial objects (such as Point, LineString,
Polygons, and Rectangles) and performing basic geometrical
operations. Furthermore, spatial indexes (e.g., R-tree, Quad-
tree) can be created to improve the performance of spatial data
processing in each SRDD partition. STARK [45] presents a com-
prehensive solution for supporting spatio-temporal operations
within the Spark framework. It provides spatial partitioners,
different indexing modes, filter, join, and clustering operators for
spatio-temporal data. Furthermore, unlike GeoSpark’s SRDDs,
which can only hold geometries of one type, STARK’s RDDs
can accommodate all kinds of columns, including spatial and
temporal data. This allows for efficient processing of data in

subsequent steps. Additionally, STARK extends Piglet’s capa-
bilities with an extended Pig Latin dialect for further ease of use.
It also integrates seamlessly with the Spark API, eliminating
users needing to adopt a separate API. STARK still needs to
support more spatio-temporal queries than GeoSpark.

Flink-Based Big Data Systems are well-suited to dealing with
real-time STBD due to their scalability and ability to process
streaming data. GeoFlink [46] is a framework that integrates
Flink with streaming spatial data (e.g., points, line strings,
polygons) using a grid-based index. It currently supports spatial
range, spatial kNN, and join queries but is limited to point
data. GeoFlink comprises two core layers: the Spatial Stream
Layer and the Real-time Spatial Query Processing Layer. The
former converts incoming data streams into spatially referenced
streams, while the latter enables spatial queries to be executed on
these streams in real time. SPEAR [47] is a system for integrat-
ing temporal data into Flink. SPEAR supports streaming tem-
poral point, line, and polygon data queries. It extends Flink by
providing partitioning based on GeoHash, spatial and temporal
indexing, and a library of spatio-temporal streaming processes.
SPEAR enables dynamic query management in a distributed
environment over high-velocity STBD streams, allowing fast
real-time query responses.

C. Data Analysis Layer

The data analysis layer comprises diverse spatio-temporal
platforms tailored for AI training, recognizing the need to depart
from traditional serial analytical algorithms that fall short of
meeting the real-time processing demands of STBD. Integrating
AI and GIS has enabled remarkable improvements in GIS’s
image processing and analysis capabilities and predictive power.
This has facilitated the application of AI-GIS technology in
various fields, such as ecological assessment, environmental pro-
tection, and agriculture. In recent years, the rapid advancement
of AI and GIS has resulted in the emergence of several AI-GIS
platforms. This section will provide a more in-depth examination
of the features of each platform.

1) Basic AI System: TensorFlow, Keras, PyTorch, and
MXNet [48] are the four most pertinent comparative platforms.
In Table VI, the comparison results are presented.

TensorFlow [49], a robust tool for tasks like image recogni-
tion, semantic segmentation, and natural language processing,
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TABLE VI
COMPARISON OF AI FRAMEWORKS

consists of two core modules: a static computational graph
generator and a software library. Moreover, TensorFlow adeptly
manages CPU, GPU, and memory resources. The solution,
which involves the coordination of CPU and GPU management,
enhances the efficiency of the training stage (or long-term pro-
cessing) by implementing static scheduling and load-balancing
algorithms instead of dynamic provisioning [50].

Keras [51] is not an independent AI platform but a lightweight
application interface for TensorFlow. It highly integrates the
functions of TensorFlow, has a low learning cost, and effectively
calls existing functions of TensorFlow. However, it has a rela-
tively slow running speed and strict code modification require-
ments and is only suitable for more straightforward application
scenarios.

PyTorch [52] is a popular DL framework for handling dy-
namic computational graphs and performing various derivatives.
It implements a custom allocator that incrementally builds up
a CUDA memory cache and reassigns it to later allocations
without using any CUDA APIs. By configuring the code, it is
possible to use multiple GPUs for parallel processing, yet this
can lead to a GPU memory imbalance problem. Specifically, the
model and gradient lost during the calculation are saved on card
0 by default, causing card 0 to consume more video memory
than the other cards [53].

MXNet [54] offers symbolic and imperative programming,
enabling maximum efficiency and productivity. Its upper in-
terface, Gluon, stands out from other AI platforms because it
supports flexible, dynamic, and efficient static graphs. Addi-
tionally, MXNet has been designed to focus on distributed com-
puting, providing superior support for multi-machine training.
Moreover, MXNet utilizes object substitution, memory sharing,
dynamic memory allocation, and other technologies, resulting
in lower video memory consumption for most model training
than others [55].

2) Spatio-Temporal AI-GIS: The traditional Big Data sys-
tem presents certain limitations regarding GIS data processing.
Communication resources can be a bottleneck, as GPUs may
have enough processing power to handle image data in GIS.
However, bandwidth and data transfer limitations impede further
improvements in processing speed. Furthermore, the complex-
ity of a model requires more parameters, and synchronizing
them in a distributed system requires a considerable amount
of bandwidth [56]. Additionally, computing resources can be
an issue, as the system will allocate resources such as excessive
CPU and GPU to a running task, resulting in lower resource
utilization. The current resource scheduling algorithms need to
be optimized explicitly for AI and, thus, cannot fully exploit

the advantages of DL and Big Data systems when processing
STBD [57].

For communication resources, two standard communication
models are commonly employed: (1) a master-slave-based archi-
tecture [58], wherein a parameter server is maintained to store
all parameters and devices communicate exclusively with the
parameter server; and (2) a peer-to-peer (P2P)-based architec-
ture [59], wherein devices interact with each other, resulting
in an increased bandwidth overhead if the number of devices
increases. To demonstrate the effectiveness of ML techniques for
accelerating the processing of GIS data models in large datasets,
the stale synchronous parallel (SSP) mechanism of TensorFlow
can be utilized. This approach is designed to parallelize compu-
tations for large-scale data analysis, allowing for more efficient
and faster processing. The traditional bulk synchronous parallel
(BSP) mechanism assumes that all tasks are trained and updated
with uniform parameters, leading to longer running times due
to the different input parameters of each task. However, the
SSP mechanism of TensorFlow allows faster-running tasks to
commence the next iteration earlier with the parameters of the
old version, thus improving the overall processing performance
of the system and optimizing the GIS data model in a shorter
duration.

STBD inherently involves data points characterized by spatial
and temporal dimensions, exemplified by applications such as
tracking the dynamic movement of objects over time [60].
Confronted with the formidable challenges posed by STBD,
it becomes imperative to leverage new hardware architectures
and employ effective parallel processing models to ensure ef-
ficient and real-time data analysis. Enhancing resource usage
efficiency and reducing computational resource consumption is
essential for achieving remarkable performance. To this end, an
appropriate resource allocation approach should be employed
to distribute resources to the relevant activities. Traditional
neural networks are static models with numerous layers, each
performing a designated task. TensorFlow proposes a concept
based on dynamic flow control, which enables users to dis-
tribute data across multiple devices in a cluster. Each device
independently calculates a part of the data, thus realizing the
data parallelism function. Tiresias [61] is a GPU scheduler that
works to minimize the execution time of individual tasks and
prevent starvation tasks. It also considers the task’s execution
time and the GPU occupancy rate, calculates the task’s service
level, and prioritizes the tasks accordingly.

AI is crucial in GIS, particularly when managing unstruc-
tured data such as pictures and videos. DL offers an efficient
solution for tasks such as target detection, binary classification,
and feature classification. For instance, DeepLabv3+ [62] is a
TensorFlow-based tool that can perform semantic image seg-
mentation, enabling us to differentiate between land, ocean, and
buildings in satellite images. Entropy-Weighted Network [63]
is another example used for polar sea ice open lead detection
from synthetic-aperture radar images. In the past decade, road
extraction from satellite images has been a popular research
topic, with applications ranging from automated crisis response
and road map updating to city planning, geographic information
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updating, and car navigation. D-LinkNet [64], a PyTorch-based
high-resolution satellite imagery road extraction model, has
been developed. In addition, Orfeo ToolBox [65] provides a
processing library with AI algorithms that can be used to manage
high-resolution optical, multispectral, and radar images at the
TB scale. PSGraph [66], a graph analytics system, has been de-
veloped using Spark executor and PyTorch for calculations and
a distributed parameter server for storing frequently accessed
models.

The above description highlights the essential role that AI
technology can play in processing STBD on a Big Data system.
For instance, the combination of TensorFlow and distributed sys-
tems can maximize the high performance of TensorFlow image
processing and leverage the data parallelism of the distributed
system. Furthermore, this block-based processing of Big Data
can generate analytical models that can enhance the capabili-
ties of problem-solving, automatic reasoning, decision-making,
knowledge representation, and utilization, thereby enabling in-
telligent solutions to complex real-world problems. Depending
on the specific AI methods applied to GIS applications, there are
various combinations of GIS with expert or knowledge-based
expert systems, pattern recognition, and decision support sys-
tems.

D. Cloud Native Layer

The cloud native layer introduces the mainstream architecture
of cloud scheduling systems, highlighting the need for compre-
hensive one-stop STBD platforms. The current challenge lies
in the inefficiency of managing and scheduling data-intensive
STBD and AI on existing cloud-native platforms. There is a
pressing demand for a high-performance and scalable schedul-
ing system tailored for cloud-native environments. The industry
is actively working towards deploying Big Data platforms and
AI training on cloud-native infrastructures to achieve excellent
elasticity and scalability [67]. Despite these aspirations, there
have been limited breakthroughs in this domain. The advent
of container technologies and orchestration systems has signif-
icantly accelerated the development of cloud-native generation
platforms. Notably, Docker and Kubernetes (K8s) technologies
have emerged as the de facto standard for shaping the future of
cloud-native architecture.

1) New Cloud Computing Scheduling System: STBD trans-
fer involves intricate data transmission from the cloud to edge
and terminal devices. Optimization techniques such as data
segmentation and compression ensure efficient distribution and
storage. Subsequently, leveraging edge computing effectively
mitigates the transmission pressure on the cloud, enhancing
overall data processing efficiency. Establishing a direct and
efficient data transmission channel meets real-time processing
requirements for a subset of STBD on terminal devices. Network
optimization is achieved through the meticulous selection of
transmission paths and the adoption of appropriate network
protocols. These combined factors synergistically propel the
efficient, secure, and real-time transmission of STBD within
the Cloud-Edge-End environment.

A large-scale cloud platform often demands the efficient and
reliable operation of tens of thousands of containers, necessi-
tating a robust service orchestration system. Several cluster re-
source scheduling systems have emerged to meet the increasing
resource demands from diverse services and tasks, including
Borg, Mesos, and Omega [68]. Borg, a representative of cen-
tralized schedulers, has been a trailblazer with over a decade
of production experience at Google, overseeing tasks such as
GFS, BigTable, Gmail, and MapReduce. Mesos, representing
two-level schedulers, facilitates the equitable sharing of clus-
ter resources among multiple frameworks. As a shared-state
scheduler example, Omega supports using different schedulers
for various task types and handles resource request conflicts
adeptly. K8s, an open-source project from Google designed for
managing Docker clusters, inherits Borg’s strengths and aims to
orchestrate, deploy, run, and manage containerized applications.
It features a unified scheduling framework capable of managing
thousands of servers and tens of thousands of containers. It also
includes a plugin interface for third-party customization and
extension of new scheduling systems.

The industry adopts three primary strategies to address the
challenges of developing and deploying STBD and AI appli-
cations in the cloud [69]. The first approach involves deliver-
ing cloud services through application- or service-level multi-
tenancy. In this scenario, a database or AI service instance serves
user needs, and user isolation is managed by the database or
AI platform rather than the cloud infrastructure. Examples in-
clude AWS Aurora and Google Cloud AutoML. While flexible,
this approach tends to be more application-specific and less
versatile for general-purpose Big Data or database platforms.
The second approach utilizes dedicated bare-metal machines
within the cloud platform to provide Big Data or AI services,
ensuring platform performance. However, this sacrifices elastic-
ity and flexibility, making these bare-metal machines inefficient
for scheduling and operational capabilities. The third approach
confines the container platform to scheduling stateless applica-
tions, such as microservices, while deploying Big Data and AI
platforms on traditional virtualization-based clouds. Although
this guarantees robust scheduling capabilities, it compromises
the stability of Big Data or AI platforms. While straightforward,
real-world instances have demonstrated limited success due to
stability concerns.

2) One-Stop Spatio-Temporal Platform: The advancement
of GIS technology has enabled the development of one-stop
GIS platforms that leverage Big Data systems and AI frame-
works on cloud platforms for rapid analysis and processing.
Such platforms can be used more efficiently in geoscience and
social activities. This section compares the most representative
one-stop spatio-temporal platforms in Table VII.

The Esri platform is the launching point for ArcGIS [70], a
powerful GIS software that can be integrated into web servers
and desktop applications. ArcGIS’s programmable components
span a wide range of objects, from fine-grained individual ge-
ometries to coarse-grained objects. With object pools, users can
specify a maximum number of services to be deployed, allowing
for more excellent compatibility with Big Data platforms such
as Spark. ArcGIS Server also provides granular control over
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TABLE VII
COMPARISON OF ONE-STOPGIS PLATFORMS

the deployment of GIS services, allowing users to launch and
cancel individual services. In contrast, SuperMap services must
be activated or stopped, making granular management impossi-
ble. For cloud-native applications, cloud-based computing and
storage are viable alternatives, although external cloud service
providers such as AWS and Azure may be necessary.

SuperMap [71] is well-known for its capability to encrypt data
using the SDB format, allowing storage of multiple datasets in a
single source, encompassing simple points, lines, faces, or com-
plex geometries. Its data type capabilities surpass ArcGIS’s, as
it adeptly handles vector files from CAD applications and raster
data from picture formats such as PNG and IMG. SuperMap
seamlessly integrates with Big Data tools and frameworks, in-
cluding distributed file systems, spatio-temporal databases, and
spatial analysis and processing tools like Spark. Its self-hosted
cloud platform based on K8s enables GIS functions to be mod-
ularized into elastically scalable microservices, providing edge
GIS tools for establishing a centralized cloud platform.

MapInfo [72] contains a powerful relational DBMS that or-
ganizes data in two-dimensional tables, incorporating graphical
columns to contain graphical objects and standard data types
for easy manipulation of graphical data. It also provides ODBC
compatibility for various relational databases, ensuring the con-
tinuity of the original database and access to remote databases.
Moreover, MapInfo supports the standard picture graphics for-
mat and a variety of others, including AutoCAD-generated
DWG and DXF files.

QGIS [73] is a lightweight, open-source software package
that offers a wide range of powerful mapping-related functions
and is highly scalable. It includes shared GIS libraries such
as GDAL and SQLite, which support more data formats than
those supported by ArcGIS. Furthermore, QGIS can integrate
with other desktop GIS software, such as GRASS GIS and
SAGA GIS, allowing it to perform typical data processing and
geographical analysis more effectively. However, it has some
drawbacks; for instance, it is less stable than ArcGIS and can
only merge two layers simultaneously. Compared to ArcGIS and
SuperMap, QGIS is highly customizable and supports Big Data
systems and AI algorithms. Nevertheless, it could benefit from
being more feature-rich and more stable.

One-stop shops facilitate large-scale analysis of STBDs, yet
they need to improve data security, scalability, and cloud-native
support. Moreover, these platforms only offer cloud platform
processing without focusing on optimizing efficiency through
effective resource management. So, further research and devel-
opment are needed.

IV. RESOURCE MANAGEMENT

The seamless orchestration of computational power, stor-
age, and networking resources expedites STBD processing and
guarantees that platforms unlock their full potential, providing
timely insights and actionable results in the dynamic realm of
spatio-temporal data analytics.

A. Resource Management in DBMS-GIS

Traditional DBMSs focus on efficiently creating, deleting,
modifying, and querying data. With the addition of STBD and
new storage devices, we can examine the computing resource
management in DBMS-GIS systems from the perspectives of
application workloads and hardware resources.

1) Workload-Oriented Resource Management: Diverse
workloads exhibit unique resource requirements and
sensitivity levels. We can skillfully manage resources to
optimize performance by comprehensively understanding the
application’s features.

Online transaction processing (OLTP) and onLine analytical
processing (OLAP) are distinctly different in terms of data pro-
cessing technology. OLTP requires fast I/O performance due to
soild consistency, supported by conflict resolution at write time
(using read and write locks), leading to scalability issues [74].
On the other hand, OLAP focuses on data analysis and is akin
to a data warehouse, so DBMSs do not need to be concerned
with data consistency constantly; instead, they should focus
on decision support and providing clear and intelligible query
results, which are CPU- and memory-sensitive workloads [75].
Additionally, real-time data is another essential workload type.
For instance, Ma et al. [76] utilized taxi passengers’ real-
time ride requests to schedule the proper taxis to pick them
up. Streaming data will continually arrive at the DBMS in a
fine-grained form, necessitating the need to balance indexing,
processing, storage, I/O, and CPU consumption.

With the increasing popularity of NoSQL databases, more and
more application scenarios are being uncovered. For example,
some applications prioritize read performance, while others
prioritize low-conflict writing, making resource management
more complex.

2) Storage-Oriented Resource Management: The distin-
guishing attributes of STBD include its vast scale, notable
diversity, and temporal dynamics. Consequently, storage sys-
tems must exhibit exceptional scalability and adaptability to
effectively manage the continuous influx of data streams. STBD
often integrates data from various sources and modalities, such
as sensors and social media. Consequently, storage management
systems require robust support for diverse data types and flexible
models. Moreover, meeting the analytical and querying demands
of STDB involves operations spanning diverse temporal and
spatial scales. Therefore, storage systems must employ efficient
spatio-temporal indexing and querying techniques for rapid
data access and analysis. The storage engine comprises two
essential components, disk, and memory, which determine the
categorization of databases as disk-based or in-memory. Both
components can significantly enhance system performance by
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reducing the amount of data that needs to be transferred between
the CPU and traditional storage.

Disk storage is a service unit that utilizes a class of storage
media (e.g., SSD) to facilitate computation. All data within the
database is stored on disk, while memory is mainly used as a
buffer for bulk writes. Sequential access is more efficient than
random access due to the physical structure of the hard disk, so
disk-based databases typically employ indexes to sort records in
multiple fields, thus reducing data query time. To create these
indexes, various data structures, such as B-trees, hash tables, B+
trees, and more, can be utilized [77]. Although disk storage may
affect system performance, many databases still choose it as their
primary storage due to its ability to ensure data consistency and
integrity through on-disk log files and transaction management
in relational databases, as outlined by the principles of atomicity,
consistency, isolation, and durability [78]. Furthermore, disk
storage is preferred due to its low cost, significantly lower than
other storage devices in the storage hierarchy. There are two
techniques to increase the throughput of disk-based systems to
combat the subpar I/O performance of hard disk drives. (1) The
number of hard disks and data processing parallelism can be
increased to reduce the strain on each drive. New RAID architec-
tures such as Elastic-RAID [79] can increase system throughput
by several or tens, and data can be quickly rebuilt during a disk
failure. Biscuit [80] is a near-storage computing framework for
modern solid-state drives, allowing for distributed execution of
data-intensive applications. (2) Individual disk performance can
be improved. The 3-D NAND Flash Value-Aware SSD [81] is a
reliable solid-state disk with high-speed access and low power
consumption, which can enhance the performance of DBMS.
Kang et al. [82] proposed the Smart SSD model, which uses an
object-based communication protocol to exploit the processing
power of SSDs.

In-memory storage integrates computational resources into
innovative storage units with high-bandwidth connectivity, en-
hancing data read and write performance, and distributed ar-
chitectures can significantly augment their capacity. Despite
their imperfections, in-memory databases constitute an essential
subset of distributed databases that are increasingly pivotal
for modern data processing. The rapid evolution of distributed
in-memory storage has paved the way for the emergence of
in-memory data management systems for task processing and
data analysis (e.g., HBase, Pig, and H-Store), catering to the
demands of massive data processing. However, this technology
has notable drawbacks, including cost, limited capacity, and
potential data instability. The new non-volatile memory (NVM)
storage has the characteristics of I/O performance close to
DRAM, allowing faster and more flexible data transmission be-
tween memory, disk storage, and the CPU. Byte addressing fills
the gap between traditional disk storage and memory, making
NVM an essential tool to overcome the memory wall. Recent
developments in NVM devices, such as resistive memory [83],
spin-transfer torque random access memory, and Intel Optane
DC persistent memory [84] have further narrowed this gap.
Current research in NVM storage technology focuses on the
issues of reading and writing speed differences, writing lifes-
pan, and fault tolerance when accessing NVM storage devices

from the perspectives of hardware structure design, reading and
writing strategies, wear balance strategies, and fault tolerance
strategies. For instance, NJS [85], an NVM-based file system
with a write-efficient journaling scheme, reduces the logging
overhead of traditional file systems and takes advantage of the
byte-accessibility characteristic of NVM. Additionally, circ-
Tree [86], a B+ tree variant with a circular design for NVM,
enhances the access performance of Key-Value stores.

The implementation of functions reveals the difference be-
tween the two storage engines. In-memory databases are rela-
tively straightforward, as writing and releasing random memory
space is simple. However, disk-based databases must contend
with more complex procedures, such as data referencing, file
serialization, and defragmentation, which can be challenging to
implement.

3) Resource Management on Cloud: Storage optimization:
Cloud computing demands flexible storage capabilities as a
service paradigm to ensure efficient data access. Q [87] intro-
duced a dynamic shared memory management framework. This
approach permits multiple virtual machines to dynamically ac-
cess shared memory resources based on their requirements, en-
hancing inter-VM communication efficiency and VM memory
swapping efficiency. Centaur [88] achieved dynamic partition
caching for each VM through local replacement in each partition.
This strategy results in lower cache miss rates and improved
performance isolation and control for VM workloads, ensuring
the efficiency and effectiveness of storage.

Load Balancing: To enhance the concurrent processing ca-
pacity of cloud environments, ensuring stable throughput and
response times necessitates comprehensive management of ma-
chine workloads. H et al. [89] proposed a CMLB cloud-
related multimedia system. It presented a highly effective load-
balancing technique. It considers the load of all servers and
the network conditions, effectively addressing resource schedul-
ing and allocation issues. Zhao et al. [90] approached the
challenge from a different angle, focused on optimizing the
selection of physical hosts to improve the direction of task
requests. They propose a load-balancing method based on the
LB-BC technique, which combines Bayesian algorithms with
clusters to identify the most suitable physical hosts for execut-
ing workloads. This approach effectively maintains long-term
load balance, reduces task failures, and significantly boosts
throughput.

B. Resource Management in BigData-GIS System

Mainstream Big Data dedicated clusters and cloud computing
platforms often require assistance to address complex diversifi-
cation and hardware heterogeneity issues.

1) Task Scheduling for Mixed Workloads: Task-DAG Sched-
ulers are devised to allocate resources to interdependent tasks
within a job, considering the overall task-DAG structure.
However, achieving an optimal schedule that minimizes the
makespan while considering task dependencies and diverse
resource demands is challenging. Spear [91] is a scheduling
framework geared towards reducing the manufacturing time of
complex jobs while considering both task dependencies and
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heterogeneous resource requirements. Decima [92], conversely,
is a system that utilizes reinforcement learning and neural
networks to generate workload-specific scheduling algorithms,
eliminating the need for detailed instructions beyond a high-
level objective. Lastly, DelayStage [93] introduces a stage delay
scheduling strategy that interleaves cluster resources in parallel
stages, thereby improving cluster resource utilization and en-
hancing job performance.

2) Cluster-Oriented Multi-Resource Management: Harvest
CPU resource: Modern data analytics typically run tasks on
statically reserved resources, prone to over-provisioning to guar-
antee quality of service (QoS), resulting in many resource time
fragments. As such, the resource utilization of a data analytics
cluster is severely underutilized. Shenango [94] offered com-
parable latencies while achieving far greater CPU efficiency.
It reallocates cores across applications at a fine granularity of
5Âµs, enabling cycles that would otherwise have been wasted by
latency-sensitive applications to be used productively by batch
processing applications. Para [95] is an event-driven scheduling
mechanism designed to harvest the CPU time fragments in co-
located Big Data analytic workloads. Additionally, it identifies
the idle CPU time window associated with each CPU core by
capturing the task-switch event.

Cluster Resource Scheduler: Although cluster schedulers
have significantly improved resource allocation, the utilization
of the allocated resources could be higher due to inaccurate
resource requests. Elasecutor [96] is a novel executor sched-
uler for data analysis systems that dynamically allocates and
explicitly adjusts resources to executors over time based on
predicted temporal/varying resource requirements. Ursa [97]
enabled the scheduler to capture accurate resource demands dy-
namically from the execution runtime and to provide timely, fine-
grained resource allocation based on monotasking. In addition,
Flinkcl [98] extends the capabilities of Flink from CPU clusters
to heterogeneous CPU-GPU clusters, significantly increasing its
computational power.

3) Resource Management on Cloud: Cloud resource utiliza-
tion: Resource underutilization is a pervasive issue in cloud
data centers, which can be addressed by deploying multiple
workloads in one cluster. To improve resource utilization while
avoiding contention and performance interference, TPShare [99]
proposed a simple yet effective vertical label mechanism to coor-
dinate the time-sharing or space-sharing schedulers in different
layers. Furthermore, the Scavenger [100] system was designed
to function without offline profiling or prior information about
the tenants’ workloads to ensure the QoS of latency-sensitive
services and reduce the performance impact on batch jobs.
Additionally, the CERES [101] system was developed to guar-
antee the QoS of latency-sensitive services and minimize the
performance impact on batch jobs.

Containerized Resource Management: ML workloads such
as DL and hyperparameter tuning are computationally intensive
and require parallel execution to reduce the learning time. Ku-
beRay [102], an operator and suite of tools designed and built
to create Ray clusters in K8s, provides an effective solution to
meet this need with minimal effort.

C. Resource Management in AI-GIS

This section focuses on two core aspects: accelerating AI
training and improving cluster resource utilization for DL work-
load types and heterogeneous cluster resources.

1) Application-Oriented Workload Types: Deep Neural Net-
works (DNNs) continuously grow in size to improve the accu-
racy and quality of the models. Nevertheless, these strategies
often result in suboptimal parallelization performance. Several
research works have been proposed to accelerate distributed
computing of DNNs. DNNs have seen remarkable growth in size
to improve models’ accuracy and quality. However, this has led
to suboptimal parallelization performance. To address this issue,
researchers have proposed various initiatives to expedite the
distributed computation of DNNs [103]. These initiatives range
from algorithmic modifications to hardware and infrastructure
optimization. Algorithmic techniques such as model parallelism,
data parallelism, and federated learning have been proposed to
enable distributed computation of DNNs. Moreover, special-
purpose processors, distributed memory architectures, and high-
speed interconnects have been proposed as hardware solutions
to enhance the efficiency of distributed computation [104].
Additionally, cloud computing, edge computing, and container
orchestration have been proposed as infrastructure solutions to
provide an optimal platform for distributed computation [105].
All of these initiatives have the potential to accelerate the dis-
tributed computation of DNNs significantly.

As the burgeoning trend of graph-based DL, graph neural
network (GNN) have demonstrated exceptional capability in
generating high-quality node feature vectors. However, existing
one-size-fits-all GNN implementations must keep up with the
ever-evolving GNN architectures, ever-increasing graph sizes,
and diverse node embedding dimensionality. To address this
challenge, GNNAdvisor [106] is an adaptive and efficient run-
time system designed to expedite various GNN workloads on
GPU platforms. Moreover, DistGNN [107] optimizes the Deep
Graph Library for full-batch training on CPU clusters, featuring
an efficient shared memory implementation, communication re-
duction with a minimum vertex-cut graph partitioning algorithm,
and communication avoidance with a family of delayed-update
algorithms.

The transformer algorithm has revolutionized the field of
NLP in recent years. Unlike Recurrent Neural Network models,
transformers can process sequences of any length in parallel,
improving accuracy when dealing with long sequences. How-
ever, deploying efficient online services in data centers equipped
with GPUs is still a challenge. Fang et al. [108] developed
TurboTransformers, a transformer serving system composed of
a computing runtime and a serving framework. ET [109] pro-
posed a novel self-attention architecture and an attention-aware
pruning design.

2) Cluster-Oriented Resource Management: GPU Sharing
Strategy: GPUs currently stand as the predominant accelerators
for DL applications. However, a significant drawback arises
from the fact that many existing cluster schedulers treat GPUs
as non-shareable devices. This results in certain tasks needing

Authorized licensed use limited to: Wuhan University. Downloaded on June 21,2024 at 05:26:01 UTC from IEEE Xplore.  Restrictions apply. 



LIANG et al.: SURVEY ON SPATIO-TEMPORAL BIG DATA ANALYTICS ECOSYSTEM: RESOURCE MANAGEMENT, PROCESSING PLATFORM, 185

to fully occupy the resources of a single GPU, consequently
diminishing the resource utilization rate of the entire cluster
and influencing the average completion time of tasks [110]. An
effective GPU-sharing strategy should maximize resource shar-
ing while ensuring isolation between tasks. To achieve optimal
resource sharing, both GPU computing resources and GPU stor-
age resources should be shared to the greatest extent possible.
This approach allows for accommodating more tasks on a single
GPU. Simultaneously, to guarantee isolation, efforts should be
made to minimize the impact between tasks, thereby reducing
the influence on execution time and overall throughput [111].

Heterogeneous Clusters Scheduling: The advancement of
hardware technology has made heterogeneous devices in clus-
ters inevitable. Consequently, allocating all hardware devices
as the same resource will lead to an inevitable loss of effi-
ciency. To address this issue, it is necessary to explore resource
scheduling strategies based on heterogeneous clusters, analyze
the execution efficiency of different tasks on different hardware
devices, and optimally allocate resources to avoid unnecessary
waste [112].

3) Resource Management on Cloud: Container Technology:
Nowadays, the most widely used cluster management solution
is K8s, based on Docker containers. However, the technol-
ogy for running AI training tasks in the Docker environment
still needs to be developed. Moreover, these cluster manage-
ment solutions cannot sense the underlying hardware, reduc-
ing distributed training efficiency and underutilizing cluster
GPUs [113], [114]. To optimize the execution time of DL in
Docker containers and improve the utilization of GPU clusters,
Yeh et al. [115] proposed KubeShare, an extension of K8s
that enables GPU sharing with fine-grained allocation. In addi-
tion, kube-Knots [116] can dynamically harvest spare compute
cycles through dynamic container orchestration, allowing for
the co-location of latency-critical and batch workloads while
improving overall resource utilization. In FaST-GShare [117],
an advanced spatio-temporal GPU sharing framework crafted for
serverless computing in DL inferences, the FaST-Manager takes
center stage. This strategic component adeptly limits and iso-
lates spatio-temporal resources, optimizing GPU multiplexing
efficiency.

D. Resource Management in Cloud-GIS System

This section discusses the research progress of traditional
cloud computing technologies. Subsequently, the focus is on
recent research hotspots in cloud-native systems.

1) Traditional Cloud Computing Technologies: The current
landscape of cloud services extends beyond distributed com-
puting, encompassing distributed computing, utility computing,
load balancing, parallel computing, network storage, hot backup
redundancy, and virtualization. While traditional cloud comput-
ing has matured over the years, the emergence of new tools and
frameworks has prompted further research and optimization.

Efficient resource management and task allocation under a
certain hardware resource are critical for achieving significant
performance improvements in the cloud. Li et al. [118] intro-
duced the Load Balancing Ant Colony Optimizations algorithm

that reduces task set generation time while maintaining schedul-
ing flexibility. Kumar et al. [119] enhanced scheduling per-
formance by combining min–min, and max–min methods with
a standard genetic algorithm, improving traditional scheduling
performance and resource utilization.

2) Cloud Computing 2.0 Based on Cloud-Native: cloud-
native is wholly managed by a third party, is event-driven,
stateless, and briefly kept in a compute container, whereas tradi-
tional cloud computing requires manual infrastructure building.
Serverless deployment applications, derived from the benefits of
cloud-native architectures, can automatically construct, deploy,
and initiate services without additional infrastructure building.

Serveless: To enhance response time and decrease latency
while optimizing costs through serverless resource scheduling,
current strategies are centered on minimizing cold start time or
reducing the frequency of cold starts. Cloud functions typically
operate on pre-allocated virtual machines and containers, allow-
ing for swift launches. However, functions reliant on extensive
packages exhibit slower starts, diminishing the application’s
resilience and responsiveness to sudden increases in load. Abad
et al. [120] introduced a package-aware scheduling algorithm
to mitigate this challenge by assigning functions with similar
package requirements to the same worker nodes. This approach
amplifies packet caching hit rates, consequently reducing the
latency of cloud functions. Additionally, the load on worker
nodes is monitored to prevent it from surpassing a configurable
threshold. Building on this, Oakes et al. [121] proposed a shared
package cache to expedite the start-up time of cloud functions
further, resulting in a substantial reduction in response time and
latency.

Virtualization: Due to the unique characteristics of serverless
applications, such as bursty, variable, and stateless behavior,
existing platform scheduling mechanisms often need to catch
up. The prevailing strategy is to enhance resource utilization
dynamically and optimally, given these challenges. In pursuit of
this goal, Kaffes et al. [122] introduced a centralized approach
to eliminate queue imbalance, mitigate interference with core-
based granularity, and propose a centralized kernel granularity
scheduler. This design offers the advantage of directly assigning
ready-to-execute functions to idle working cores, minimizing
unnecessary queuing, eliminating queue imbalances and im-
proving overall platform resource utilization. In a parallel effort,
Jiang et al. [123] presented a hybrid job assignment approach
to enhance workflow resource utilization. Their approach con-
siders the resource consumption patterns of various workflow
execution phases, culminating in the proposal of a serverless
workflow execution system. The outcome is significantly more
efficient execution of large-scale scientific workflows on public
clouds than the traditional cluster execution model in extensive
large-scale tests.

Containerization: The scale of containerization technology
often involves hundreds or even thousands of servers, lead-
ing to a noticeable performance impact due to bandwidth and
communication overhead between networks. There can be net-
work bandwidth bottlenecks in scenarios with bursty workloads,
particularly when hundreds of virtual machines hosting cloud
functions utilize the same container images. To address this
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TABLE VIII
REPRESENTATIVE SPATIO-TEMPORAL BIG DATA DATASET

challenge, Wang et al. [124] introduced FaaSNet, a lightweight,
adaptable function tree structure that facilitates scalable con-
tainer provisioning. Thomas et al. [125] concentrated on the
total startup time, encompassing the duration required for initi-
ating and establishing connections among a group of containers.
Their proposed particle model, albeit compromising isolation,
significantly reduces the interconnection time of containers.

V. APPLICATIONS

Geoscience, a broad phrase that encompasses specific subjects
such as climatology, hydrology, and others, is separate from
the sphere of social activity, spanning a spectrum from epi-
demiology to commercial businesses. Geosciences are mostly
concerned with offline examination of RS data and structured in-
formation gathered from sensors. Social activity revolves around
the real-time study of geographic data generated by human
activities.

It divides into two segments in the setting of STBD: one
reflecting the physical environment and the other repeating the
rhythms of human-social activity. To demonstrate the breadth
and diversity of this data ecosystem, we’ve compiled a list of
15 open-source datasets relevant to STBD, which is shown
succinctly in Table VIII.

A. Geographic Environment

As Earth observation technology advances, there has been a
remarkable increase in the volume of RS data. The basic STBD
comprises a myriad of types: from vector and image data to
geographic entity details, place names, address data, 3D model
datasets, and mapping product information, all paired with their
relevant metadata.

The multifaceted realm of geoscience calls for a robust, user-
centric cloud platform to address the eclectic requirements of its

practitioners. Acknowledging this, Varouchakis et al. [126] ex-
plored groundwater resource distribution, leveraging structured
numerical datasets and classic modeling approaches. Concur-
rently, Le et al. [127] applied ConvLSTM to interpolate and
prognosticate citywide air pollutants. While these endeavors
capitalized on traditional analysis and processing modalities to
frame databases and data processing infrastructure, the days of
hands-on management could be better.

Today’s environment, characterized by the synergy of Big
Data and AI, heralds a transformative phase where integrated,
one-stop platforms for data processing emerge as the norm.
Ensuring data security and rigorous encryption, especially for
delicate geographic datasets, stands central in this transformative
journey. Addressing these imperatives will augment the efficacy
and reach of geoscientific inquiry and catalyze groundbreaking
applications and insights in the Earth observation domain.

B. Human-Social Activities

The rapid progression of Internet technology and the ubiq-
uity of social media platforms have led to a daily influx of
vast spatio-temporal data rooted in human social interactions.
Within this realm, public thematic data encompasses a spec-
trum ranging from population statistics and macroeconomic
insights to point-of-interest data, geographical censuses, mon-
itoring records, and their corresponding metadata. Parallelly,
the realm of IoT real-time perception data–time-stamped data
harnessed through advanced IoT sensing–embraces real-time
spatio-temporal information from Earth observation sensor net-
works, specialized sensor readings, real-time industry-shared
themes, and their associated metadata. Tapping into the vast
web ocean, internet online acquisition data is primarily sourced
using tools like web crawlers, capturing diverse online data
streams.

Social activity data analysis is now at the forefront of research,
with wearable sensors and Internet crawlers instrumental in
accumulating STBD rich with user-generated content. Such data
analyses offer profound insights for both social and commercial
sectors. Castro et al. [128] adeptly used daily COVID-19 data
to delineate spatio-temporal spread patterns across regions. For
timely epidemiological assessments during public health crises,
a seamless STBD flow is paramount. This calls for merging
Big Data stream processing with AI predictive algorithms.
Exploiting data distribution traits, expansive GIS analyses are
undertaken. To heighten efficiency, computing resources are ju-
diciously dispersed based on data’s temporal and spatial nature.
A sleek computational framework emerges by refining cache
processes and curtailing node communication overhead.

In intelligent transportation, STBD has showcased pivotal
advancements. Real-time storage and indexing of vehicular
patterns and traffic data ensure swift spatio-temporal query
responses for traffic oversight. Immediate, extensive video and
sensor data analysis aids in swift traffic event detection and
resolution. An accurate traffic prediction model emerges with
DL algorithms, refining traffic light coordination and boosting
traffic flow efficiency [129]. Cloud-native platforms have proven
invaluable in intelligent transportation implementations across
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cities [130], fostering cross-city data collaboration, offering
versatile services to traffic authorities, and realizing optimal
resource exploitation.

VI. RESEARCH AGENDA

In prior sections, we delved into STBD and its processing plat-
forms, encompassing foundational attributes, spatio-temporal
nuances, and resource management intricacies. This segment
elucidates STBD’s potential in amplifying asset management
efficiency across varied platforms, bolstering processing speed.
Concurrently, we introduce emerging research avenues, provid-
ing in-depth insights and recommendations for future explo-
ration.

A. Research Agenda for DBMS-GIS

This section examines how a compute-storage separation
design affects remote data access. We improve dynamic memory
consumption by combining local caching with cloud storage,
forming a training data management system to increase effi-
ciency during learning. We investigate the links between data
storage strategies and training costs in the emerging Cloud
2.0 ecosystem, characterized by various metering schemes. We
present a cost-cutting data storage technique for multi-cloud
scenarios, resulting in significant consumer savings.

1) Dynamic Demand Based on Cross-Task Data Sharing
System: DL training in large high-performance computing clus-
ters involves numerous nodes working together to read and
process tasks. While data shuffling between training phases is
common in DL jobs, direct data synchronization among multiple
computer features is the best technique. Serverless models,
such as AWS Lambda, present issues in effective inter-function
communication and consistent data state retention between calls
because of their limited memory and storage. To address this, we
propose using shared local storage to collect intermediate data
during cloud-based DL training, eliminating the requirement for
external data persistence mechanisms like as databases, cloud
disks, or Redis clusters and avoiding duplicate data transfers. We
want to create a high-performance intermediary storage system
that emphasizes dynamic data-sharing strategies and allows
for smooth data synchronization across several job functions.
We explore DL workload communication properties deeper
to carefully hone low-latency, high-throughput inter-task data
exchanges. Our ultimate goal is to create a scalable hybrid
cloud storage infrastructure that combines cloud-centric data
management with local storage, allowing real-time data sync
via concurrent cloud storage operations.

2) High-Performance Local Cache Method Based on Data
Reuse Frequency Prediction: DL’s voracious appetite for data
necessitates notable storage throughput. This is centralized in
container-supported computing functions, where thousands of
serverless functions actively engage in intensive shared file sys-
tem operations. This situation leads to increased latency, erratic
read/write performance, and challenges in managing the rapid
scaling of cloud-native apps, particularly during peak traffic pe-
riods. We’re designing a robust local cache management system

to address this, accounting for data access patterns, latency, and
volume.

Our blueprint highlights two cache scenarios for training
data: A dynamic cache file selection strategy for optimizing
storage in skewed read/write ratios scenarios is unveiled. This
involves real-time file access pattern analysis, determining if a
requested file merits cache placement. This avoids caching files
accessed only once and adjusts for frequently accessed files
based on temporal patterns. A generational tech-based cache
file update strategy is proposed in instances with an extensive
cache footprint during training. This flexible approach enables
tailoring with diverse cache replacement algorithms for optimal
access performance. Concludingly, acknowledging that data
significance varies across learning stages–typically high initially
and tapering over time–we integrate lifecycle management for
cached objects. This adjusts cache object lifecycles and predicts
cache durations and access patterns, refining cache replacement
while upholding its intrinsic strategies.

3) Cost-Aware High-Performance Hybrid Storage Solution
in Multi-Cloud Environments: Stateless computational func-
tions, while agile, grapple with challenges in preserving data
locally, a pivotal facet for DL training. While the cache from
Task 2 augments throughput and trims latency, it compounds
both caching and training expenses. Moreover, its absence of au-
tomated storage oversight mandates cloud storage integration for
expansive data training and enduring data preservation. Notably,
cloud storage providers vary in service quality and pricing. The
versatility of multi-cloud storage–leveraging multiple providers
based on cost-effectiveness and niche services–enhances user
satisfaction, cuts costs, and sidesteps vendor dependency. With-
out a judicious storage strategy, there’s a tangible risk of squan-
dering cloud resources in this landscape. Therefore, an astute
storage approach is paramount for cost efficiency and resource
conservation in cloud environments.

B. Research Agenda for BigData-GIS

This section examines the fluctuating computational and data
requirements during DL training phases. We introduce an adap-
tive power management strategy tailored to enhance the efficacy
of modern cloud-based training systems. Considering the diverse
pricing structures in the Cloud 2.0 epoch, we delve into the
relationship between computing power distribution and overall
training expenses. This leads us to formulate a cost-optimized
data storage algorithm for multi-cloud contexts to reduce user
costs.

1) Dynamic Computing Resource Allocation Based on Real-
Time Resource Requirements: DL exhibits pronounced varia-
tions in resource consumption, highlighting the need for swift
resource provisioning at training onset and efficient resource
release post-training. Given that resource demands, data pro-
cessing, and duration vary across training and inference tasks,
there’s a pressing need for platforms with elastic resource
provisioning. As the number of training iterations rises, most
models demand fewer resources. Hence, there’s a need for
resource allocation that dynamically adjusts to optimize usage
as training progresses. Unlike traditional systems where users
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are constrained by static configurations, our proposed system
introduces a dynamic resource model for learning training. This
model ensures full resource utilization by adjusting allocations
per iteration and rebalancing resources based on diverse strate-
gies and task priorities. This leads to an enhanced scheduling
mechanism and augmented system throughput.

2) Task Scheduling Based on Data Dependency and Network
Topology Awareness: In breaking down DL training tasks into
serverless functions, each function intertwines with a series of
dependent services. Changes in runtime parameters or serverless
function scheduling can ripple through this dependency chain.
We want to add the scheduler’s data dependency awareness
to address this. This enhancement will be achieved by inter-
facing with a global parameter configuration center, allowing
the system to dynamically gauge each event’s impact on every
training subtask. The system can judiciously choose the opti-
mal scheduling strategy by evaluating potential state transition
graphs, minimizing resource wastage.

Moreover, on many function-as-a-service platforms, func-
tions are encapsulated within containers, which run atop either
virtual or physical hardware. While a server node may house
multiple container services, the container’s view is restricted to
its network, devoid of the underlying machine’s IP awareness.
This must be clarified to understand data distribution’s physical
layout, affecting computational and data locality. We’d suggest
embedding a network physical topology module in the schedul-
ing system to reduce this. This module would dynamically map
physical IPs to container IPs. Hence, when stateful services are
scheduled, they can reference this mapping to identify an avail-
able physical machine. This ensures that computational tasks
are routed based on the physical data storage layout, leveraging
data locality for performance enhancement.

3) Cost-Estimated Elastic Configuration for Computational
Functions: The era of Cloud 2.0 has seen serverless computing
revolutionize resource management, bringing enhanced pric-
ing models, granular resource metrics, and significant benefits,
especially for DL training architectures. Given the periodic
fluctuations of DL workloads and short-term unpredictable load
spikes, shaping an adaptive resource configuration for emerging
cloud functionalities is a complex task.

We propose a cost-centric computational resource allocation
strategy tailored for intensive DL contexts to navigate these
challenges. Central to this strategy is the judicious selection
of billing methods. In essence, serverless computing platforms
typically offer two payment modes: Prepaid Resources At a
lower unit price. Postpaid Resources are priced higher per
unit. Aligning the right payment mode with the application’s
resource consumption pattern can yield substantial cost benefits.
Our approach hinges on real-time serverless computing usage
monitoring, underpinned by stable and elastic computational
resource usage prediction models. Using this foundation, the
strategy dynamically tweaks the prepaid resource ratio, ensuring
optimal cost benefits by favoring the cheaper option wherever
possible.

A responsive approach is favored for short-term, unpre-
dictable, and bursty computational demands. Using feedback-
controlled adaptive resource management, our method swiftly

reconfigures virtual resources across nodes, offering quick re-
actions to load alterations while adhering to service objectives.
In contrast, our strategy leans on statistical and ML techniques
for long-term, cyclical DL workloads that exhibit predictable
patterns. These tools dive deep into system logs and exten-
sive load change datasets to construct performance blueprints
aligned with prolonged load trends. This offers a backbone for
making informed decisions on cost-effective, large-scale com-
putational configurations. Complementing this, we have crafted
an adaptive minimum-cost framework for optimal function
placement.

C. Research Agenda for AI-GIS

This section discusses the new issues of scheduling DL train-
ing activities within GPU clusters. We provide a multi-tiered,
granular cluster scheduler to bridge the gap between basic hard-
ware and the complicated demands of upper-tier computing jobs.
Anchored by GPU sharing frameworks and different resource
clusters, our focus is divided into two main goals: accelerating
DL training and maximizing cluster resource efficiency. The
scheduler’s design promotes GPU sharing paradigms, fine-tunes
distributed training task distribution, and leverages the capabil-
ities of various devices to accelerate training efforts.

1) GPU Sharing Strategy and Fine-Grained Scheduling Re-
sources: Heterogeneous clusters amalgamate diverse hardware
devices, offering computational prowess. These clusters proffer
benefits like cost-efficient high-performance computing, robust
scalability, and optimal computational resource use. They also
cater to diverse computational architectures, ensuring holistic
satisfaction. Yet, managing resources and choreographing tasks
emerge as pressing issues.

To navigate these intricacies, we propose a nuanced schedul-
ing paradigm tailored for clusters interspersing CPUs and an
array of GPUs. This tripartite framework encapsulates a task
scheduling model, a device evaluative mechanism, and a central
scheduler. As an initial step, DL training tasks undergo prepro-
cessing to glean vital metrics. Once extracted, these tasks segue
into a system task reservoir, biding their time for scheduling.
Simultaneously, the device evaluation mechanism periodically
assesses the capabilities of each device. The scheduler, acting
on real-time resource availability and task prerequisites, cherry-
picks the most fitting task for execution from this reservoir.

2) Scheduling Optimization Based on Heterogeneous Clus-
ters: GPUs, the cornerstone for accelerating DL training, are
increasingly harnessed for real-time tasks. Many tasks may only
tap into a fraction of a GPU’s vast capabilities. Thus, the move
towards multi-tasking on a singular GPU has gained momentum.
Nvidia’s Multi-Process Service (MPS) champions this cause by
enabling concurrent task execution on a single GPU. However,
its Achilles’ heel is inter-task interference. Should one task falter
(including premature termination), it cascades a ripple effect,
leading to the failure of other cohabiting tasks on that GPU.
This underscores the imperative for a failsafe GPU-sharing
framework.

Our proposition pivots on a dual-faceted GPU-sharing model,
integrating both spatial and time-sharing elements: Spatial
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Sharing: In a scenario where myriad tasks operate concur-
rently on one GPU, MPS offers a rudimentary spatial sharing
foundation, albeit with its limitations concerning task isolation.
To address this, we delve deeper into the intricate architecture
of the GPU. Tasks are then tethered to designated Streaming
Multiprocessors and memory portions. This strategic allocation
naturally engenders task segregation, sidestepping the pitfalls
of MPS. Time-Sharing: This dimension focuses on temporally
segmenting GPU execution and allotting tasks predicated on
strategic metrics. To lay the groundwork, we first dissect the
characteristics intrinsic to DL training tasks, including their
GPU computational demand, memory footprint, and intercom-
munication intervals. A tailored scheduling framework emerges
for our segmented GPU using these metrics as guiding beacons.
Both methodologies effectively fragment the GPU into finer
units, equipping subsequent scheduling algorithms with a gran-
ular toolset. The cluster’s multitasking potential surges by doing
so, allowing for concurrent task execution. This symbiosis not
only amplifies task equity but also curtails task queuing durations
and overall execution timelines.

3) Optimization Strategy for Distributed Based on Container
Technology.: Distributed DL offers shortened training periods
by dispersing computing needs over numerous nodes. However,
the distribution’s fundamental essence, model parameter syn-
chronization, provides an inherent overhead. Communication
between nodes, essential for ensuring model coherence, extends
the time we want to save. As a result, the spatial positioning
of these computational nodes emerges as a critical factor of
distributed DL effectiveness.

Our strategy unfolds in strategic steps: (1) Task Character-
ization: The locational sensitivity of each DL task introduced
is originally assessed. Due to the wide range of sensitivi-
ties, tasks are divided into separate groups. These identified
metrics are saved in a special database. (2) Hardware Topol-
ogy Understanding: Our database includes a comprehensive
mapping of the hardware topology. This information reservoir
serves as the North Star for later scheduling methods. Given
its container-centric architecture, the current paradigm often
exhibits shortsightedness, emphasizing the need for a deeper
understanding of the underlying hardware. The inefficiency in
training and inefficient GPU utilization that results is palpable.
(3) Holistic Scheduling method: Our scheduling method is a
wise blend of depth and dynamism, proposing a synthesis of
task qualities and hardware topology. A multi-tiered analysis
provides depth by addressing job peculiarities and the diverse
hardware landscape. Dynamism derives from the realization that
when resources are regained, fragmentation becomes a potential
concern. Due to this, our plan incorporates regular recalibra-
tion, enabling us to continuously optimize task assignments.
This frequent reshuffling reduces resource fragmentation while
simultaneously improving the fluidity and efficacy of resource
scheduling. This scheduling strategy, anchored in data-driven
insights and characterized by adaptability, promises a harmo-
nious marriage of computational and communicative demands
and sets the stage for efficient and responsive distributed DL
architectures.

D. Research Agenda for Cloud-GIS

This section delves into the complexities associated with
cloud-native computing in the context of next-generation Big
Data processing and AI training. We introduce data manage-
ment, resource distribution, and task coordination strategies.
We aim to craft a robust theoretical framework, grounded in
cloud-native service principles, that bolsters efficiency in cloud-
centric Big Data processing and AI training. This framework
promises marked improvements in computational throughput
and cost-effectiveness. The implications of this approach are
particularly pronounced in sectors like public safety, intelligent
transport, and advanced healthcare.

1) High-Performance Data Management Based on Stateless
Services: We propose a storage service built on local storage,
tailored to efficiently back stateful services, including database
services (e.g., MySQL) and distributed storage, within a stateless
cloud-native framework. All storage resources are streamlined
into a cloud storage pool in this setup. Each node’s local storage
is segmented into multiple persistent volume groups (PVGs).
Containers can specifically request storage resources, termed
as persistent volumes (PVs). Each PV, adaptable in size, can
only be engaged by a single container. It supports both HDDs
and SSDs and a tiered storage amalgamation. Stateful container
services specify PV requirements (like size, IOPS, SSD, or HDD
preferences) when initiating. The onus is on the scheduler to
rapidly pinpoint an apt machine on the platform to accommodate
the container. If any container falters, the scheduler identifies
this malfunction, and leveraging the data’s physical topology,
earmarks a suitable machine for reboot.

STBD and AI training place considerable demands on storage
throughput. As computational functions within container clus-
ters centrally process vast amounts of data and trigger thousands
of serverless services, they exert significant pressure on shared
file systems with intensive read/write operations. Such a burden
results in increased latency, spikes in high latency, compromised
read/write stability, and challenges in managing peak traffic
within short durations. To combat this, we propose a robust local
cache management method factoring in data usage frequency,
access expiration, and data size. We’ve conceptualized designs
for two primary training data cache contexts: We propose a
dynamic cache file selection strategy for scenarios experiencing
low cache storage utilization due to minimal read/write ratios.
This strategy undertakes real-time analysis of commonly ac-
cessed files’ size and nature. It discerns if requested files warrant
caching, eschewing single-use files from cache placement. Fur-
ther, it factors in file access frequency and access time intervals,
minimizing errors in cache decisions. We suggest a cache file
update strategy rooted in generational technology to elevate
efficiency in cache replacements during data training scenarios
with extensive cached files. This method tailors different cache
replacement algorithms to suit various high-performance ac-
cess needs. Acknowledging that data’s importance varies across
learning stages–with heightened access initially that tapers over
time–we envision amplifying our cache replacement strategy.
We aim to integrate lifecycle management for cache objects.
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We can update this lifecycle to predict data cache duration and
access frequency, refining cache replacement execution while
preserving its innate attributes.

2) Dynamic Computing Resource Allocation Based on Real-
Time Demand: Cloud platform resources are logically pooled
and segmented based on CPU, GPU, memory, storage, and
network attributes. When scheduling a container, it specifies
resource needs via orchestration files or configurations. Given
the resource pool’s status and host resources, the scheduler must
pinpoint an apt physical node for the container in millisec-
onds. The scheduler’s efficacy, speed, and balance influence
cloud resource utilization in expansive cloud clusters. Existing
schedulers in Big Data or AI platforms often need to improve
with the unique demands of container applications, like their
bursty nature, variability, and statelessness. Additionally, most
current cloud-native schedulers focus primarily on the container
platform, overlooking the diverse resource management needs
of varying application loads. This oversight is especially glaring
with the dynamic demands of STBD or AI training.

Our proposed solution emphasizes the real-time perception of
cluster states. By harnessing data and computation topologies,
we advocate for a cloud-native service model-based scheduling
approach. The goal is dual: achieving cloud computing elas-
ticity and optimizing deep learning computing performance.
This entails real-time, precise resource allocation and control,
promoting adaptive service scheduling. It moves away from
static strategies, offering flexible computational power control
and dynamic resource allocation during iterative computations.

STBD and AI training tasks have a pronounced resource
consumption pattern, exhibiting notable peaks and troughs. It’s
essential to quickly allocate computing resources during the
initial phase of data training and efficiently reclaim them post-
training to optimize resource use. Given the diverse resource
demands of data processing, model training, and inference,
there’s a pressing need for computing platforms with adaptable
resource provisioning. As the number of training iterations for
Big Data or AI models rises, their resource needs typically
wane. Thus, resources for ML training must be adjustable in real
time to optimize utilization throughout the task. Unlike tradi-
tional systems, where users set fixed configurations upfront, our
proposed system introduces a dynamic resource consumption
model for training tasks. It caters to each iteration’s specific
needs, ensuring full resource utilization. Furthermore, dynam-
ically rebalancing resource allocation based on strategies and
job priorities augments the scheduler’s efficiency and amplifies
overall system throughput.

3) Scheduling Computation Tasks Based on Data Topol-
ogy: Containers in cloud-native platforms designed for flexible
and elastic scheduling often function within dedicated network
spaces that remain concealed from the host network. Because a
single server node might hold numerous container services, this
configuration creates a disparity: more container IPs than host
IPs. Big data or AI frameworks such as MapReduce, Spark, and
TensorFlow have historically determined a service’s launch loca-
tion based on the physical topology of data storage. However, in a
containerized environment, jobs see only the container network,
necessitating additional computation and data localization.

To address this, we’ve built a network physical topology
module inside the scheduler. This module keeps a live map of
physical IPs and container IPs. As a result, when scheduling a
stateful service, it can use this map to find the best physical lo-
cation. Hosts in a containerized cloud environment can function
as standalone networks, each hosting one or more sub-networks.
These sub-networks provide the network addresses for contain-
ers. When a container is closed, its address is returned to the
pool and made available for future allocations.

Our application-aware data topology approach unfolds as
follows: (1) When a containerized data application (like a Spark
application) initiates a computational task, the scheduler identi-
fies the container required (such as an HDFS data node) using
dependency relationships. (2) The scheduler queries the physical
node’s network and storage details where the container resides
via the metadata module. This module, updated in real time,
fetches the latest metadata from storage and network services.
(3) Given that distributed storage often holds multiple repli-
cas, the scheduler uses anti-affinity rules to ensure distribution
across different physical nodes. This results in a list of potential
physical nodes. (4) After considering each node’s resource con-
sumption and load, the scheduler opts for the least loaded node to
deploy the associated computing service container. (5) Since the
computing and storage services coexist on the same host, they
can employ local networking or domain socket mechanisms to
expedite data transfer and boost performance.

VII. CONCLUSION

This article provides a comprehensive analysis of STBD
processing platforms emphasizing resource management. We
explore the evolution and key applications of STBD, segmenting
its analytical ecosystem into DBMS-GIS, BigData-GIS, AI-GIS,
and Cloud-GIS. While our primary focus is resource manage-
ment, we also introduce emerging research areas. Our in-depth
review aims to offer fresh insights for researchers, fostering the
enhancement and optimization of STBD systems. Overall, our
findings pave the way for scholars striving to deepen their grasp
on the STBD analytical landscape.
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